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Abstract

The pedestrian re-identification system is used to find pedestrians, which plays a pivotal role, and
can also use semantics to find the most similar person from the dataset quickly. This application is
based on different model structures of images and text, with appropriate loss functions, to con-
verge the model. Now based on multi-model learning, you can use semantics for image search,
which can undoubtedly help to find targets more efficiently for monitoring systems with a large
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amount of data. In the model of text classification, deep learning models often appear in people’s
field of vision, but due to model depth and other reasons, deep learning frameworks tend to have
high time complexity, while model of FastText is based on embedding model, without complex and
deep frameworks, but can ensure accuracy while improving the speed of model training, so that
pedestrian re-identification tasks can be completed faster, promoting the development of related
industries. Therefore, when the FastText model is applied to the research of multi-model pede-
strian re-identification system, the training speed is significantly improved, and the multi-model
pedestrian re-identification system is pushed to a better application level.
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Figure 1. Graphic of the basic model
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Figure 2. Graphics of residual branch and residual bottleneck
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Table 1. System resulting data of standard experiment
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Visual CNN + Text CNN 12 min 0.636 0.828 0.891
Visual CNN + FastText 4 min 0.526 0.734 0.796
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